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A bstract 

Multiple myeloma affects the several parts of bodies such as the spine, skull, 
pelvis and ribs. The cause of multiple myeloma is not known properly. The poor 
prognoses is associated with most cancers creates a sense of urgency for the 
brains behind healthcare Artificial Intelligence (Al) research. Al is able to detect 
cancer and other diseases earlier than possible through standard diagnostic 
methods, which could be lifesaving for future patients. The main objective of the 
research paper is to predict the Albumin to Globulin (A/ G) ratio obtained by the 
electrophoresistest by developing regression model and Artificial Neural 
Network (ANN) model. The results obtained showed that the Mean Square Error 
(MSE) obtained by AN N model is less than the MSE obtained by the regression 
model. 

Keywords: Artificial Neural Network (ANN), Regression model, M ultiple myeloma, 
Electrophoresis 
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1. Introduction 

P rotei n el ectrop horesi s test i s u sed to measu re the amou nt of sped f i c protei ns i n the bl ood. O n the basi s of 
their electrical charge protei ns are separated inthetest. Generally, protein electrophoresistest is used to find 
an abnormal substance cal led Monoclonal proteins (M proteins). The presence of M proteins indicates the 
presenceof a typeof cancer cal led myeloma or multi pie myeloma. Myeloma generally affects the WBC called 
pi asma cel I s i n the bone marrow. 

In the case of multi pie myeloma, cancer cells pile up in the bone marrow where they surround healthy 
blood cells. Instead of producing helpful antibodies these cancer cells produce abnormal proteins which 
further leads to various complications. The myeloma cel Is generally produce abnormal antibodies unlike 
healthy plasma cellswhich cannot beused by our body. The M protei ns aretheabnormal anti bodies which 
bu i I d up i n the body and cause problems such as damage to the ki d neys. 11 al so I eads to bone marrow damage 
as shown in the Figure land also increases the risk of broken bones. 

Protei n el ectrop horesi s test can al so be used to d i agnose thy roi d, d i abetes, anaemi a, liver di seases, poor 
nutrition or i nabi I ity to absorb nutrients and certai n autoi mmu ne d i seases. Thi s test i s need ed i n thecond i ti on 
if the particular person's healthcare provider suspects that he/ she have a condition that affects plasma cel Is. 
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The symptoms of the latter condition are unexplained weight loss, bone pain, fatigue, weakness, nausea, 
constipation, unusual thirst, frequent urination, frequent illness or fevers, back pain, high levelsof calciumin 
theblood and bonesthatfractureeasily. 

The application of neural network in medical field has widely been reported. Recent development in 
computer-aided diagnosis, medical imagesegmentation and edgedetection towards visual content analysis 
arebeing donewith the help of Artificial Neural N etwork (ANN) (Jiang eta/., 2010). Zhou eta/. (2002) proposed 
an automatic pathological diagnosis procedurecalled Neural Ensemble-based Detection (NED) which worked 
onanANN inordertoid enti fy the I u ng cancer cel I s i n the i mages of the sped mens of need I e bi opsi es w h i ch 
wereobtained from the bodies of the subjects to be diagnosed. Khan eta/. (2001) demonstrated the potential 
application of AN N model for developing gene expression signatures in order todassify cancers. Abbas eta/. 
(2002) developed an Evolutionary Artificial Neural N etwork (EANN) based on thePareto Differential Evolution 
(PDE) algorithm to predict breast cancer. Djavan et a/. (2002) used two A N N sfor theearly detection of prostate 
cancer in men with total Prostate Specific Antigen (PSA) levelsfrom 2.5to4ng/ ml_ and from4to 10 ng/ mL. 

N o previous work has been done in theapplication of neural network in multi pie myeloma domain. In this 
case study ANN model which trained on quasi-Newton algorithm and regression model is developed for 
predicting the Albumin to Globulin (A/ G) ratio obtained from protein electrophoresis test of an early stage 
multiplemyeloma patient. 

2. Experimental Procedure 

Firstly, bone marrow biopsy was performed on theearly stage multiplemyeloma patient. Bone marrow biopsy 
shows mostly fibrocartilaginous tissue Only twotothreenormocellular marrow spaces seen showing interstitial 
prominenceof plasma cellsforming multi pledusters. M Rl report showed altered marrow signal and partial 
col I apse of L 3 body with i nvolvement of right pedicle. 

Protein electrophoresis test is donewith a blood sample. A needle is used to draw blood from a vein in 
patient's arm or hand. The patient's diet or I ifestyle habits are not I i kely to affect the results of this test. Blood 
serum contains two major protein groups: albumin and globulin. Both albumin and globulin carry substances 
through the bloodstream. Using protein electrophoresis, thesetwo groups can beseparated into five smaller 
groups (fractions): 

2.1. Albumin 

AI bumi n protei ns keep the bl ood from Ieaki ng out of blood vessel s. AI bu mi n al so hel ps carry some med i ci nes 
and other substances through theblood and isimportantfortissuegrowthand healing. More than half of the 
protein in blood serum isalbumin. 
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2.2. A lpha-1 G lobulin 

High-Density Lipoprotein (HDL), the"good" type of cholesterol, is included in this fraction. 

2.3. A lpha-2 G lobulin 

A protein called haptoglobin, which binds with hemoglobin, is included inthealpha-2 globulin fraction. 

2.4. Beta Globulin 

Beta globul i n protei ns hel p carry substances, such as i ron, through the bloodstream and hel p fight i nfection. 

2.5. G amma G lobulin 

These proteins are also called antibodies. They help prevent and fight infection. Gamma globulins bind to 
foreign substances, such as bacteria or viruses, causing them to bedestroyed by the immune system. 

Each of these fiveprotein groups moves at a different ratein an electrical field and together forms a specific 
pattern. 

Now let's talk about how thistest is done. The health professional drawing blood will: 

• W rap an el asti c band arou nd the pati ent's u pper arm to stop thef I ow of bl ood .This makes the vei ns bel ow 
the band I arger so i t i s easi er to put a need I e i nto the vei n. 

• Clean the needle site with alcohol. 

• Put the need I e i nto the vei n. M ore than one need I e sti ck may be need ed. 

• Attach a tu beta the needle to fill itwith blood. 

• Removethebandfromthepatient'sarmwhen enough blood iscollected. 

• Apply a gauze pad or cotton ball over the needle si teas the needle is removed. 

• Apply pressuretothesiteand then a bandage. 

3. Results and Discussion 

The experimental data obtained from the Serum Protein Electrophoresis (SPE) test istabulated intheTablel. 

Table 1: Experimental dataset of Serum Protein Electrophoresis test 


A 

A 

B 

C 

D 

E 

F 

1 

Albumin Alpha 1 Alpha 2 Beta Gamma A/G Ratio 

2 

54 

2.2 

9.8 

10.9 

23.1 

1.17 

3 

41.5 

2.7 

13.6 

9.9 

32.3 

0.71 

4 

63.8 

2 

14.7 

14 

5.5 

1.77 

5 

56.7 

3 

17.4 

16.2 

6.7 

1.31 

6 

52.3 

1.4 

10.4 

10.2 

25.7 

1.1 

7 

58 

1.8 

9 

9.9 

21.3 

1.77 

8 

39.9 

5.5 

12.9 

8.8 

30.4 

0.66 

9 

52.31 

2.65 

12.54 

11.41 

20.71 

1.21 

10 

41.3 

2.5 

13.3 

9.8 

32.4 

0.74 

11 

63.7 

1.9 

14.6 

13.8 

5.3 

1.73 

12 

40.1 

3.4 

14.5 

15.2 

6.3 

0.85 


Note: Depending on these dataset ANN model and fegression model are constructed. 
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3.1 A rtificial N eural N etwork (ANN)M odd 

A graphical representation of the network architectureisdepicted intheFigure2. It contains a scaling layer, a 
neural network and an unsealing layer. The yellow circles represent scaling neurons, the green circles the 
principal components, the blue cirdesperceptron neurons and the red circles unsealing neurons. Thenumber 
of i nputs isfive, thenumber of principal components is five, and thenumber of outputs is one. Thecomplexity, 
represented by the numbers of hidden neurons, isthree. 



The I oss i ndex pi ays an i mportant rol e i n the use of a neural network. It defi nes thetask the neu ral network 
is required to do, and provides a measureofthequality of the representation that it is required to learn. The 
choice of a suitable I oss index depend son the particular application. The normalized squared error isused 
here as the error method. It divides thesquared error between the outputs from the neu ral network and the 
targets inthedata set by a normalization coefficient. If the normalized squared error has a valueof unity then 
the neu ral network is predicting the data' i n the mean', w hi I e a val ue of zero means perfect predicti on of the 
data. The neural parameters norm is used as the regularization method. It is applied to control thecomplexity 
of the neural network by reducing thevalueof the parameters. Thevalueof neural parameters norm weight is 
0.001. Thequasi-Newton method isused hereas training algorithm. It is based on Newton's method, but does 
not requi recalculation of second derivatives. I nstead, thequasi-N ewton method computes an approximation 
of the inverse Hessian at each iteration of the algorithm, by only using gradient information. Figure3shows 
the losses in each iteration. The initial value of the training loss is 3.36237, and the final value after 144 
iterations is 0.00506113. Theinitial valueof theselection I oss is 10.6446, and thefinal valueafter 144 iterations 
is 15.4535. 



Figure 3: Q uasi-N ewton method losses history 
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A graphical representation of the resulted deep architecture is depicted in Figure4. It contains a scaling 
layer, a neural network and an unsealing layer. Theyel low circles represent scaling neurons, the green circles 
the principal components, the blue circles perceptron neurons and the red circles unsealing neurons. The 
number of i nputs is five, the number of pri nci pal components is five, and the number of outputs is one. The 
complexity, represented by the numbers of hidden neurons, isfour. 



3.2 R egression M odel 

The hypothesis function for I inear regression is: 

y =a 0 +a 1 x 1 +a / 2 

The I inear regression model isused from scikit-l earn library. It uses theOrd inary Least Squares solver from 
scipy, to converge to the global mini mum. Thecode is shown below: 

from sklearn import linear_model 
regr = linear_model.LinearRegression( ) 
regr.fit(x_train, y_train 
y_pred = regr.predict(X_test) 

Thescatter chart plots of A/ G ratio with respect to other input parameters areshown from Figures 5 to 9. 


W • 0.6< 
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Figure 5: Scatter plot of A/G ratio with respect to albumin 
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A/G Ratio 
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Figure 6: Scatter plot of A/G ratio with respect to alpha 1 
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Figure 7: Scatter plot of A/G ratio with respect to alpha 2 
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Figure 8: Scatter plot of A/G ratio with respect to beta 
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Figure 9: Scatter plot of A/G ratio with respect to gamma 
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The contour maps of the regression model aredepicted from Figures 10 to 13. 
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4. Conclusion 

The Mean Square Error (MSE) obtained during training, selection and testing of the AN N architecture are 
0.164585,0.0276843and 0.26813. For regression model, M SE obtained is2.664which arehigherthan theAN N 
architecture model. It can be concluded thatANN modelscan be used for prediction purposein multiple 
myeloma casewith maxi mum accuracy. 
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